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Vector Magnetic Characteristics Simulation of Electrical Steel Sheet Based on Deep
Convolutional Neural Network

DONG Jixing, ZHANG Dianhai, REN Ziyan, ZHANG Yanli

(Liaoning Key Laboratory of Modern Electrical Equipments Theory and Common Technologies, Shenyang University of
Technology, Shenyang 110870, China)

Abstract: In view of such problems of traditionally BP neutral network-based magnetic hysteresis model as slow con-
vergence speed and complicated artificial extraction of characterization parameters of magnetic characteristic in the
modeling process, a kind of method to simulate the vector hysteresis characteristic on the basis of deep convolutional
neural networks (DCNN) is proposed. The model takes the time series data of magnetic flux density and amplitude
and phase of the magnetic field strength as the training data of the convolutional neural networks (CNN). The residu-
al error module is used to improve the convergence speed of convolution neural network. The improvement of the mod-
el can not only avoid the complicated artificial feature extraction process in the traditional magnetic hysteresis mod-
el, but also extend and apply for the setup of hysteresis models under non-sinusoidal excitation whose characteristic
parameters are not easy to extract. It is founded through the comparison of magnetic hysteresis model of different net-
work structures that the improved DCNN magnetic hysteresis model can not only reduce the number of iterations, but
also assure refinement of the magnetic hysteresis behavior simulation.
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